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In response to the COVID-19 pandemic, National governments have applied
lockdown restrictions to reduce the infection rate. We perform a massive anal-
ysis on near real-time Italian data provided by Facebook to investigate how
lockdown strategies affect economic conditions of individuals and local gov-
ernments. We model the change in mobility as an exogenous shock similar to
a natural disaster. We identify two ways through which mobility restrictions
affect Italian citizens. First, we find that the impact of lockdown is stronger in
municipalities with higher fiscal capacity. Second, we find a segregation effect,
since mobility restrictions are stronger in municipalities for which inequality
is higher and where individuals have lower income per capita.
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Introduction
On March 9th 2020, Italy was the first European country to apply a national lockdown (1) in
response to the spread of novel coronavirus (COVID-19) outside China borders. Following
Italy and China, national lockdowns have been adopted by other governments, and mobility
flows have been drastically reduced to lessen the reproduction rate of COVID-19 (2).
Increasing concerns are arising on the economic consequences of lockdown and how it can
disproportionally affect the weaker and the poorer (3). Policy restrictions imposed by lockdown
measures have determined a detrimental effect on several production sectors, heavily deterio-
rating global value chains and trade exchanges, motivating governments to announce fiscal
interventions of about $8 trillion and massive monetary measures from the G20 and others (4).
Supply shocks can, in fact, trigger variations in aggregate demand that ultimately can be even
larger than the COVID-related shocks themselves, hence imposing to immediately incorporat-
ing principles of system resilience to systemic disruption in order not to condition the future
socio-economic recovery for the next decade (5–8).
The intensity of the sudden stop induced by the Covid-19 outbreak produces effects which
are similar to those produced by a large scale natural disaster (9–12). Here, analogously to
the literature on the economic damages of natural disasters (9, 13, 14), we model the change
in mobility affecting Italian municipalities as an exogenous shock. We leverage a de-identified
large-scale collection of near real-time data provided by Facebook platform to characterize the
effect of population mobility restrictions (15). On economic data, we rely on official statistics
at highest available level of resolution, i.e. municipalities, to investigate the features of those
who are mostly affected.
To understand how the lockdown measures impact on the economy, we rely as a proxy for
economic downturn on mobility variations between and within italian municipalities across the
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deployment of the lockdown announcement. As shown in (2), mobility trends have reduced in
fact by more than 90% in Italy after the lockdown, both in the retail and tourism sectors and
in the service one, and this disruption of the mobility toward the workplace supports the use
of mobility flows as a proxy of economic damages. Furthermore, we want to investigate the
geographic distribution of the shocks in order to identify the economic conditions of the most
and least affected zones. Rather than a homogeneous distribution we find, on the one side,
that mobility reduction induced by lockdown is stronger for municipalities with higher fiscal
capacity. On another side, we find that the contraction in mobility is higher for municipalities
with lower per capita income and for those with higher inequality. In the aftermath of the crisis,
central governments need not only to sustain economic recovery, but also to compensate the
loss of local fiscal capacity, while channeling resources to mitigate the impact of lockdown on
poverty and inequality.
Results and Discussion
Mobility restrictions
In Figs. 1A-B we compare two daily snapshots of the mobility network of municipalities aggre-
gated at province level. After 21 days of national lockdown, we notice a striking fragmentation
of the usual national mobility pattern from North to South. We characterize daily connectivity
patterns (16) through network measures (17, 18).
In Fig. 1C, we analyze the temporal evolution of the number of the weakly connected com-
ponents and the size of the largest connected component in the overall mobility network. We
identify two opposite and significant trends, respectively increasing (Mann-Kendall (M-K):
P ∼ 0; Kendall’s Tau (K-T): P ∼ 0 R = 0.64; Theil-Sen (T-S): R = 30.52) and decreasing
(M-K: P ∼ 0; K-T: P ∼ 0,R = −0.67; T-S:R = −58.58), that confirm the breakdown of hubs
and long-range connections. We further assess the impact of mobility restrictions leveraging a
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network-based representation of mobility data and computing the network efficiency (Materials
and Methods). Efficiency (19) is a good proxy of the system dynamics at play. Indeed, it is a
global network measure that combines the information deriving from the network cohesiveness
and the distance among the nodes and it measures how efficiently information/individuals may
travel over the network (20). Additionally, it is particularly suitable for treating graphs with
multiple components that evolve over time (21). As shown in Fig. 2, we observe a drastically
decreasing trend of the efficiency (M-K: P ∼ 0; K-T: P ∼ 0, R = −0.75; T-S: R = −0.00003)
that confirms a pronounced drop in the mobility potential of the network. Finally, we observe
significant changes in the distribution of several node centrality measures over time (Materials
and Methods, Figs.S1 to S9), with the most peripheral municipalities being those most affected
by the lockdown.
In the following, we use the variation in Nodal Efficiency (Material and Methods), that is
the contribution of each node to the global network efficiency, as a proxy for the effects of
mobility restrictions. We compute the percentage relative change induced by the lockdown, by
constructing mobility networks in two windows, 15 days before and after the day of interven-
tion.
Mobility lockdown and economic segregation
Economic indicators
First, we focus on average individual Income, which constitute the base for the Italian Per-
sonal Income Tax declared annually by taxpayers, as a measure of private resources available
to individuals.
Second, we use a municipal composite index of material and social well-being (Index of
Socio-economic Deprivation) produced by the Italian Ministry of Economy and Finance, which
aggregates several dimensions of lack of material and social well-being at municipal level (22,
4
23) (see Materials and Methods), representing one of the determinants of municipal standard
expenditure needs.
In Fig. 3 we show the relationships between the two indexes with respect to the relative
change in Nodal Efficiency. We observe a significant correlation, negative with the Deprivation
Index (Pearson: R = −0.153, P ∼ 0; S-R: R = −0.235, P ∼ 0; T-S: R = −0.064; K-T:
R = −0.162, P ∼ 0) and positive with Income per Capita (Pearson: R = 0.263, P ∼ 0; S-R:
R = 0.404, P ∼ 0; T-S: R = 0.001; K-T: R = 0.273, P ∼ 0). We also notice similar and
significant relationships using other network centrality measures (Table S3).
As a third main variable, we consider the level of municipal Fiscal Capacity, measured each
year by the Italian Ministry of Economy and Finance and employed in the fiscal equalization
process. Municipalities with high Fiscal Capacity tend to be financially independent from cen-
tral government to fund local expenditures.
Finally, as additional regressors, we use a measure of municipal Inequality, i.e. the ratio
between mean and median individual income, and an inverse measure of Urban Density in
terms of the number of Real Estates per Capita.
Economic segregation from mobility disruption
The joint distribution by percentiles of the variation of mobility and economic indicators is con-
centrated on the top and bottom percentiles (Figures S12-S13). This result is important, since it
shows a different relation between the extremes of the distribution of economic indicators and
mobility with respect to the one observed around the mean (Fig. 3).
Against that background, in Table 1 we show the results of a quantile regression, where the
relative variation in Nodal Efficiency over time is regressed against a set of economic regres-
sors with regional controls. The quantile regression approach relaxes the assumptions of linear
regressions and estimates the conditional quantile of a dependent variable over its predictors
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instead of conditioning on the mean (24). This allows us to concentrate on the dynamic at the
tails of the distribution and to capture effects that with linear methods would otherwise seem
insignificant (9). Indeed our estimates at the top and bottom quantile of the distribution of the
variation in Nodal Efficiency show a better fitting with respect to the OLS ones reported as
reference in Table 1
We observe a significant and positive relation between change in mobility during the lock-
down and average individual Income for the bottom quantiles of the distribution. We study how
municipalities at the lower end of the distribution of changes in mobility (10th-20th percentiles)
are distributed according to their Income per Capita, and we find that the reduction in connec-
tivity and mobility is higher for municipalities with a low average individual Income, while
municipalities with high Income per Capita experience less intense changes. Moreover, at the
upper end of the distribution, the relation is reversed. This asymmetry of the joint distribution
of mobility contraction and Income per Capita unravels the existence of a possible segregation
effect: even though some of the richer urban centers have experienced greater casualty rates,
low income individuals are more affected by the economic consequences of the lockdown.
When we move to the analysis of municipal characteristics, measured through Deprivation
and Fiscal Capacity, we find a different result: municipalities relatively richer in terms of social
indicators and availability of own financial resources are those more hit by the loss in mobility
efficiency in the aftermath of the lockdown. In other words, municipalities which experience
the strongest effect of the lockdown are those with higher Fiscal Capacity and lower aggregate
Deprivation.
Two seemingly opposite patterns emerge: individual indicators (average Income) show that
the poorest are those more exposed to the economic consequences of the lockdown; on the
contrary, aggregate indicators at the level of municipalities, i.e. Deprivation and Fiscal Capac-
ity, reveal that richer municipality are those more hit by mobility contraction induced by the
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lockdown.
In order to shed light on these apparently contrasting results we look at the relationship
between Inequality and the mobility contraction: we find a significant and negative relationship
between the two variables at the lower end of the distribution of mobility reduction (10th-20th
percentiles).
This result further characterizes our findings: not only stronger changes in mobility are as-
sociated with low income municipalities but they are also linked with high level of inequality.
This happens together with a lower level of the Deprivation Index and the high level of Fiscal
Capacity and introduce an important additional detail: the distribution on income. By con-
trolling for all these factors, we finally see that municipalities most severely affected are those
where economic distances among individuals are still significant and hence where an erosion of
the supply of public services will have a greater impact.
Finally, we find a negative relation between the number of building per capita and changes
in mobility: municipalities affected more by the contraption in mobility have more buildings
per capita, hence less Urban Density.
Our evidence shows that the lockdown seems to produce an asymmetric impact, hitting poor
individuals within municipalities with strong fiscal capacity.
Conclusions
We analyze Italian mobility data before and after the lockdown introduced to face the COVID-
19 pandemic. We highlight how variations in mobility relate to some fundamental economic
variables and we show that reduction in connectivity tend to be stronger for municipalities with
low average individual Income and high income Inequality. At the same time, we show that the
reduction in connectivity tends to be higher for municipalities with higher Fiscal Capacity.
Our findings start to shed light on some social and economic consequences of policy mea-
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sures adopted to contain the diffusion of COVID-19. First, the lockdown seems to unevenly
affect the poorer fraction of the population. On another side, we find that the reduction in mo-
bility and connectivity induced by the lockdown is more pronounced for municipalities with
stronger Fiscal Capacity. Finally, the distribution of income plays a role: municipalities where
inequality is greater have experienced stronger change in mobility and their citizens are more at
risk.
The policy implications of our results suggest the necessity of asymmetric fiscal measures.
Emergency grants should be channeled to poor people to support their consumption and, at
the same time, to rich municipality to compensate the loss of fiscal capacity. In the absence
of targeted lines of intervention, the lockdown would induce a further increase in poverty and
inequality.
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(A) February 24th (B) March 30th
(C) Temporal evolution of network connectivity
Figure 1: Connectivity of the Italian mobility network during COVID-19 epidemic.
We provide a snapshot of the mobility network on two Mondays before and after national lockdown (9th
March), respectively on February 24th (A) and March 30th (B). Nodes represent municipalities aggre-
gated at province level, and they all have equal size, whereas thickness of edges is proportional to the
weight. Inserts provide an outlook on different regions, where node size is instead proportional to the
population of the province. Figure (C) represents the temporal evolution of the network connectivity in
terms of number of weakly connected components (No. WCC, red) and size of the giant connected com-
ponent (Size LWCC, blue), measured on daily snapshots of the mobility network since 23th February.
To visualize trends, we show a LOESS regression (dotted line) with 95% CI (shaded area), and highlight
lockdown and week-days respectively with a solid and dotted vertical red lines. Trends are respectively
significant increasing (M-K: P ∼ 0; K-T: P ∼ 0 R = 0.64; T-S: R = 30.52) and decreasing (M-K:
P ∼ 0; K-T: P ∼ 0, R = −0.67; T-S: R = −58.58).12
Figure 2: Efficiency of the Italian mobility network during COVID-19 epidemic.
Temporal evolution of the global efficiency for the Italian mobility network from February 23rd to April
4th. Efficiency is computed according to (19). We use the reciprocal of weights to model distances
between nodes. To visualize the trend, we show a LOESS regression (dotted line) with 95% CI (shaded
area), and highlight lockdown and week-days respectively with a solid and dotted vertical red lines. The
trend is significantly decreasing (M-K: P ∼ 0; K-T: P ∼ 0, R = −0.75; T-S: R = −0.00003).
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Figure 3: Correlation of mobility reduction and economic indexes.
Plot of the relative change in Nodal Efficiency, between pre- and post- lockdown values for each munic-
ipality, versus two different economic indexes, respectively Deprivation Index (top) and Irpef per Capita
(bottom, x-axis in logarithmic scale). For each figure we provide two linear regression lines, one com-
puted on the entire data (in blue) and one computed after filtering outliers w.r.t the economic index (in
orange, using the 95-percentile as threshold). To ease the visualization, we draw the scatterplot by group-
ing points into 40 discrete bins, and showing mean and 95% confidence interval of each bin. Correlations
are respectively significantly negative (Pearson: R = −0.153, P ∼ 0; S-R: R = −0.235, P ∼ 0; T-S:
R = −0.064; K-T: R = −0.162, P ∼ 0) and significantly positive (Pearson: R = 0.263, P ∼ 0; S-R:
R = 0.404, P ∼ 0; T-S: R = 0.001; K-T: R = 0.273, P ∼ 0).
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q intercept income pc deprivation fiscal capacity inequality real estate pc (pseudo)R2
0.05 -0.8398*** 0.2587*** 0.1686*** -0.1461*** -0.0344* -0.1622*** 0.05223
(0.0491) (0.0253) (0.0276) (0.0286) (0.0204) (0.0251)
0.1 -0.5089*** 0.2871*** 0.1723*** -0.1280*** -0.0315* -0.2539*** 0.17578
(0.0456) (0.0260) (0.0266) (0.0261) (0.0177) (0.0232)
0.2 -0.2241*** 0.2272*** 0.1272*** -0.0972*** -0.0410*** -0.2907*** 0.29896
(0.0317) (0.0187) (0.0179) (0.0242) (0.0124) (0.0206)
0.8 0.3770*** 0.0788*** 0.0068 -0.0548*** 0.0018 0.0868*** 0.14346
(0.0199) (0.0121) (0.0117) (0.0123) (0.0094) (0.0133)
0.9 0.8644*** -0.0962*** -0.0868*** -0.3598*** 0.2099*** 0.8759*** 0.20012
(0.0523) (0.0347) (0.0319) (0.0335) (0.0269) (0.0304)
0.95 1.2128*** -0.2489*** -0.1214** -0.3844*** 0.3488*** 1.0334*** 0.24347
(0.0761) (0.0542) (0.0506) (0.0362) (0.0329) (0.0345)
OLS 0.1098* 0.0654** 0.0557* -0.2045*** 0.0737*** 0.1145*** 0.09001
(0.0576) (0.0327) (0.0328) (0.0404) (0.0239) (0.0398)
Table 1: Results for quantile regression of the relative difference of efficiency over time with respect to
income per capita with multiple controls: social and financial distress in the municipality (deprivation
and fiscal capacity), concentration of estates (real estate pc), income inequality and regional controls (ex-
tended model). Regression obtained with the Iterative Weighted Least Squares method on standardized
variables. Standard errors reported in parenthesis calculated via bootstrap with 1000 iterations. Pseudo
R2 obtained via McFadden’s method. Only quantile 5-20 and 80-95 shown, full results available upon
request. Bottom line shows OLS regression as reference. Number of observations: 2345. Not shown:
coefficients of 19 regional controls.
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(A) Income per capita (B) Inequality of income
(C) Fiscal capacity (D) Index of deprivation
Figure 4: Regression coefficients by quantile for the extended model.
Plot of the regression coefficients for each percentile of the relative change in nodal efficiency over
time for three of the main independent variables: Income per Capita (A), income Inequality (B), Fiscal
capacity (C), Index of Deprivation (D). For each figure the coefficient of the quantile regression is plotted
in black lines with bootstrapped confidence intervals at 95%, as a reference the OLS regression of the
same variables is plotted in red.
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